This paper proposes an Adaptive Rule-Based Energy Management Strategy (ARBS EMS) for a parallel hybrid electric vehicle (HEV). The aim of the strategy is to facilitate the aftermarket hybridization of medium-and heavy-duty vehicles. ARBS can be deployed online to optimize fuel consumption without any detailed knowledge of the engine efficiency map of the vehicle or the entire duty cycle. The proposed strategy improves upon the established Preliminary Rule-Based Strategy (PRBS), which has been adopted in commercial vehicles, by dynamically adjusting the regions of operations of the engine and the motor. It prevents the engine from operating in highly inefficient regions while reducing the total equivalent fuel consumption of the vehicle. Using an HEV model developed in Simulink ® , both the proposed ARBS and the established PRBS strategies are compared over an extended duty cycle consisting of both urban and highway segments. The results show that ARBS can achieve high MPGe with different thresholds for the boundary between the motor region and the engine region. In contrast, PRBS can achieve high MPGe only if this boundary is carefully established from the engine efficiency map. This difference between the two strategies makes the ARBS particularly suitable for aftermarket hybridization where full knowledge of the engine efficiency map may not be available.
Introduction
A hybrid electric vehicle (HEV) typically refers to a vehicle with an internal combustion engine, an electrical motor and an onboard electric energy storage which are operated according to an energy management strategy (EMS). The electric energy storage can be a battery or a supercapacitor. Supercapacitors have 10 to 100 times larger power density than batteries [1] . However, batteries are more popular in HEVs because of their higher energy density. In fact, batteries can store up to 30 times more charge than supercapacitors [2] . An analysis of energy management strategies for HEVs that include an internal combustion engine and a supercapacitor is provided in [3] . The focus of this study is on the optimization of energy management in HEVs where the source of electric energy is a battery. This choice was primarily motivated by the availability and the popularity of batteries as an electric energy source in current HEVs especially in the context of aftermarket hybridization.
Compared to conventional vehicles, HEVs produce significantly less pollutants and use less fuel [4] . In fact, due to increasing greenhouse emission restrictions, many light and heavy-duty vehicle manufacturers launched several hybrid electric models. For example, in 2015 around 384,000 and 633,000 hybrid units were sold in the US [5] and Japan [6] , respectively. In response to this growing market, new technologies were also developed to help enhance fuel economy in HEVs. For instance, a parallel HEV equipped with an automatic dry clutch and a hierarchical control to regulate the engine start was introduced in [7] . An adaptive cruise control system for HEVs was also proposed in [8] .
An important aspect of fuel economy in HEVs is the energy management strategy (EMS). The objective of the EMS is to efficiently use the two sources of energy available in the HEV, namely the engine and the electric motor. These EMS strategies broadly fall under two categories: optimization-based (OBS) and rule-based (RBS) [9] .
The OBS category relies on several optimization techniques including dynamic programming (DP) [10] , particle swarm optimization (PSO) [11] and the equivalent consumption minimization strategy (ECMS) [12] . When the DP technique is used, the problem is discretized over time into a sequence of optimization sub-problems. To obtain a global optimum, these sub-problems are then solved by using backward induction. Because it uses backward induction, this technique requires a priori knowledge of the entire duty cycle to optimize fuel economy in HEVs. PSO also needs full a priori knowledge of the entire duty cycle. When PSO is used as the optimization technique, the objective function is the total fuel consumed. Particles represent potential solutions that optimize the objective function and these solutions are updated at each iteration of PSO according to the current best fuel economy solution for each particle as well as the current best global fuel economy solution across all particles.
The third OBS technique, ECMS, tries to overcome the limitation imposed by the a priori knowledge of the entire duty cycle underlying the DP and PSO techniques by converting the global optimization problem into a local problem. The global objective function is transformed into a local optimization problem by including a fuel equivalent cost for use of the battery. ECMS can be implemented online. However, establishing the fuel equivalent cost factor for the conversion of the battery usage into equivalent fuel cost requires substantial calibration for this approach to generate optimal solutions. Moreover, the resulting solutions are often duty cycle-specific [13] .
The second category of EMS strategies is the RBS category. The RBS strategies are computationally more efficient than the OBS strategies and therefore can be easily implemented online. One of the most widely adopted rule-based EMS is the preliminary rule-based strategy (PRBS) which was introduced in [14, 15] . PRBS is based on the engine efficiency map of the vehicle and is powertrain-specific. The fuzzy rule-based strategy (FRBS) [16] is another RBS technique that is not specific to a given powertrain. However, while still practical for online deployment, it is computationally more complex than PRBS.
In general, RBS is the EMS strategy of choice for commercial applications. This energy management strategy has been successfully implemented in various commercial vehicles including the Toyota Prius [17] . It is computationally efficient and does not rely on the knowledge of the entire duty cycle. However, it still may require extensive, engine efficiency map-specific tuning by experts and its optimality may not be guaranteed. In contrast, OBS can be optimal but may not be suitable for online deployment because of its computational complexity. Hybrid strategies that leverage the characteristics of these two categories where an OBS approach is used to inform an RBS online implementation have been proposed in the literature. For example, DP, support vector machines and neural networks have been adapted to a rule-based online implementation in [10, 18, 19] , respectively. This paper proposes a rule-based EMS strategy, named Adaptive Rule-Based Strategy (ARBS), which dynamically modifies the PRBS rules to maintain the battery state of charge around a predefined reference value. The proposed strategy does not require extensive tuning, can be implemented online, takes into consideration extended travel distances and does not depend on detailed knowledge of the operational specifications of the engine. These characteristics make the proposed approach competitive when compared to current RBS strategies especially for aftermarket hybridization of vehicles.
Section 2 describes the HEV model that is used to analyze the performance of the EMS strategies. Section 3 introduces the proposed ARBS strategy and compares it to the current state-of-the-art PRBS rule-based strategy. Section 4 discusses the performance of ARBS when applied to a mixed urban and highway duty cycle. Finally, Section 4 summarizes the findings of this study and outlines direction for future work.
HEV Model
To evaluate the performance of the proposed EMS strategy, a vehicle model is needed. The vehicle model used in this paper is physics-based and was adapted from [20, 21] . It includes modules implemented in Simulink ® for the engine, transmission, vehicle road load, battery and driver.
The main characteristics of the target HEV used in this study are summarized in Table 1 . The vehicle includes a 6-speed automatic transmission and a diesel engine that can deliver a maximum power of 321.44 kW. The battery is a 48 V lithium ion battery and the accessory load is set to a constant value of 3 kW. Accessory load 3 kW.
Notation
The main parameters used in the EMS strategies are summarized in Table 2 . Defines the boundary curve between regions 1 (motor) and 2 (engine) in the engine efficiency map. For the PRBS controller, this value is constant. For the ARBS controller, P 12 (t) varies as a function of time.
Defines the maximum/minimum power for the boundary between regions 1 (motor) and 2 (engine) for the ARBS controller.
P 23
Defines the boundary curve between region 2 (engine) and region 3 (motor+engine) in the engine efficiency map. It is a constant for both the PRBS and the ARBS controllers.
P m
Constant margin for P 12 and P 23 in the PRBS controller.
SOC(t)
State of charge (SOC) of the battery at time t.
SOC min , SOC max Minimum/maximum allowable SOC for the battery (SOC min = 35% and SOC max = 65%)
SOC m
Constant margin for SOC min and SOC max in the PRBS controller (SOC m = 5%).
SOC re f
Reference value for the SOC that the ARBS strategy tries to maintain (SOC re f = 50%).
P chg
Constant, predefined amount of power which is supplied by the engine to charge the battery.
K p
Gain of the proportional controller in the ARBS strategy (K p = 0.05).
Engine Model
The Engine ( Figure 1 ) is modeled following the approach described in [22, 23] as a combination of two engine maps, EM1 and EM2. The inputs of the model consist of the engine power request (P req eng ) and the transmission input speed. The outputs are the engine torque and the engine fuel rate. EM1 defines the maximum engine torque curve. It is used to limit the engine torque request derived from the engine speed and the engine power request. EM2 defines the engine fuel rate as a function of the engine speed and the engine torque. These engine maps represent the operational specifications of the engine and are measured during performance testing of the engine.
In addition to the above two engine maps, the engine model also emulates the behavior of the torque converter clutch (TCC) by using two switches ( Figure 1 ). Switch 1 forces the engine propulsion torque to zero and switch 2 holds the engine speed constant when the engine is in the idle state. When combined, the engine maps and the logic for the TCC replicate the expected operational behavior of the engine.
Transmission Model
The transmission model ( Figure 2 ) consists of two components: a constant gain block and a transmission gear box. The constant gain block represents the average efficiency of the transmission and the driveline. According to [24] , drivetrain losses are between 8% and 12%. In this study, losses were set to 12% to evaluate the proposed EMS strategy under low transmission efficiency scenarios which may be consistent with aftermarket hybridization. The transmission gear box selects the gear based on the transmission shift schedule maps. For this study, both the transmission shift schedule maps and the gear ratios ( Figure 2 ) were extracted from data which was collected from a vehicle that has the same transmission as the target HEV vehicle described in Table 1 .
Gear Numbers

Accelerator Pedal Breakpoints
Following the approach described in [25] , the transmission gear box selects the gear transition boundaries for all the gears based on the current driver accelerator pedal position (APP) and the transmission shift schedule maps. The stateflow block receives this boundary information and selects the appropriate gear based on the current vehicle speed.
The transmission model was validated using the duty cycle which is described in Section 4. The error (1) between the predicted and the actual gear for this duty cycle is 5.7%. A sample comparison of the predicted and the actual gear for a period of 500 s. is shown in Figure 3 .
whereÔ i is the target output,Õ i is the corresponding model output and S is the number of samples. 
Vehicle Roadload Model
The vehicle roadload model simulates the interaction between the vehicle and the road. The model generates vehicle speed by taking into account the force produced by the engine and the battery as well as the external forces acting on the vehicle. According to [26] , the total vehicle roadload dynamics can be described as follows:
where A D is the aerodynamic drag coefficient which is determined empirically for each vehicle [27] , ρ corresponds to the air density, v is the vehicle speed, A is the frontal area of the vehicle, N is the normal component (i.e., with respect to ground) of the weight force on the wheels, f r is the coefficient of rolling resistance, α is the road grade, g is the gravitational constant and M v is the mass of the vehicle. Table 3 summarizes the values of the constant parameters used in (2) for this study. The roadload model was validated using the duty cycle mentioned above. The error as defined in (1) between the predicted and simulated vehicle speed for this duty cycle is 3.8%. Figure 4 depicts the actual and simulated vehicle speeds for a sample period of 500 s. 
Battery Model
The battery pack in the HEV is modeled as a combination of series and parallel cell batteries. The circuit used to model a single cell battery is shown in Figure 5 . The battery discharging current is assumed to be positive in the remainder of the paper. As a result, the battery discharging power is also assigned a positive value. Therefore, if the battery is discharging, both the battery power (P Batt ) and the battery current (I Batt ) have positive values. In addition to delivering power to the vehicle, the battery can also absorb power (P regen ) from the vehicle during regenerative braking. Since the battery is charging during regenerative braking, the regenerative power (P regen ) takes on negative values.
According to [28] , the battery current during discharge is given by:
where V Int and R Int are the battery internal voltage and resistance, respectively. The battery current when charging is negative and follows the same definition in (3) with P regen replacing P Batt . The state of charge (SOC) of the battery represents the amount of energy left in the battery. As defined in [28] , the relationship between SOC and I Batt is given by the coulomb counting differential equation shown below:
where Q Batt is the total capacity of the battery. The internal parameters, V Int and R Int of the battery vary with different levels of SOC and battery temperature (T batt ). In the battery model, these relationships are represented by two look-up tables: LT1 and LT2 which define V Int and R Int as a function of SOC and T batt , respectively. These tables are derived by using numerical parameter estimation from experimental data collected during pulse current discharge tests on a high-power lithium cell as described in [29] . Moreover, the battery temperature (T batt ) varies with the ambient temperature (T amb ) and the heat generated in the battery. This variation is modeled by using the heat transfer equation (5) defined in [29] which establishes the relationship between the change in T batt , the heat capacity of the cell and the heat generated in R Int .
where C cell is the heat capacity of the cell, R cell is the heat exchange coefficient of the battery obtained from [29] and T amb is kept constant. The integrated battery model is shown in Figure 6 . Since high battery currents can lead to extreme battery temperatures, the values of charging power limit (CPL) and discharging power limit (DPL) are used to limit the current in the battery and consequently control the temperature of the battery. Heat Equation Figure 6 . Battery model. The HEVmode indicates whether the battery is charging or discharging.
Battery
In this paper, a 48 V battery system was selected to cost-effectively meet the constraints of aftermarket hybridization. The 48 V batteries are used in both mild HEVs [30] as well as full hybrid vehicles [31] . Adding a 48 V battery, as opposed to a high voltage battery, to a conventional vehicle can help reduce fuel consumption and meet strict emission regulations [32] while maintaining cost within an acceptable range for aftermarket hybridization.
Driver
The aim of the driver model is to ensure that the vehicle model follows a specific duty cycle. The inputs of the model (Figure 7) are the current vehicle speed v(t), the target vehicle speed v target (t + 1) and the road grade α. Using these inputs, the driver model generates APP and the brake pedal position (BPP).
The driver model consists of two controllers. The first, is a feedforward controller that generates the current pedal positions APP(t) and BPP(t) according to the target vehicle speed v target (t + 1). The second controller is a feedback controller which measures the error between v(t) and v(t + 1). As shown in Figure 7 , the feedforward and the feedback controllers are regulated by the gain factors FF gain and FB gain, respectively. 
Rule-Based Energy Management Strategy
An EMS is necessary for an HEV to supply the desired vehicle power, P req Veh (t), at the wheels. The role of the EMS is to efficiently split P req Veh (t) into a request for engine power, P req Eng (t) and a request for battery power, P req Batt (t). The split always adheres to the following relation:
The parameters used to describe the two EMS strategies discussed in this paper are summarized in Table 2 . Moreover, for both EMS strategies, we make the simplifying assumption that the accessory load is a constant ( Table 1) which is added to the desired vehicle power P req Veh (t).
In this section, we first review the approach used by the PRBS strategy [14] to split the desired vehicle power into engine power and battery power. This approach is then compared to the split approach of the proposed ARBS.
Preliminary Rule-Based Strategy
The RBS strategy was initially introduced in 1997 [33] . Subsequently, a PRBS strategy for a parallel hybrid heavy-duty truck was proposed in [14] . The PRBS strategy relies on the efficiency map of the target engine which consists of three operating regions as shown in Figure 8 . In the motor region (region 1), only the battery provides the propulsion power. Similarly, in the engine region (region 2) only the engine supplies the power to the vehicle. The engine + motor region (region 3) represents the case when both the engine and the battery provide propulsion power. The power values P 12 and P 23 define the boundaries between operating regions 1 and 2 and operating regions 2 and 3, respectively. Typically, these values are determined experimentally with the purpose of constraining the engine to high efficiency operating levels.
The PRBS strategy is implemented in a controller. At any time during the operation of the vehicle, P req veh (t) and SOC(t) are fed to the PRBS controller. The SOC(t) value is generated by the battery model whereas P req veh (t) is calculated from the APP(t) output of the driver model based on a vehicle pedal progression map. Using this information and the value of the current engine speed, e sp (t), the controller first identifies the region of P req veh (t) on the engine efficiency map (Figure 8 ) and then defines the power split (6) according to the following rules: In addition to the above operating modes, the HEV absorbs power to recharge the battery while it is decelerating. This process is called regenerative braking. When the requested power is negative (i.e., P req veh (t) < 0), the PRBS controller compares SOC(t) to SOC max : -If SOC(t) > SOC max , then no power is absorbed by the battery and the vehicle must slow down using the friction brakes. -Otherwise, the battery is recharged through regenerative braking, i.e., the motor in the HEV acts as a generator, absorbs the net vehicle inertia and helps it to stop.
Finally, to prevent high frequency switching between operating regions, the power region boundary and the SOC are adjusted by a constant margin. P 12 and P 23 are adjusted by the constant margin P m ( Table 2 ). The boundary curves derived from these step changes are shown by dashed lines in Figure 8 . The margin SOC m for SOC min and SOC max is set to 5%. These margins are used in the PRBS rules when establishing the operating region (i.e., P 12 + P m and P 23 + P m ) and when comparing SOC(t) to either SOC min or SOC max (i.e., SOC min + SOC m and SOC max + SOC m ) in order to maintain the current operating region of the vehicle, thereby limiting switching between regions 1 and 2 and between regions 2 and 3.
Adaptive Rule-Based Strategy
The PRBS strategy described above is easy to implement online. However, the strategy suffers from a few limitations. First, establishing the appropriate region boundaries requires detailed knowledge of the engine fuel efficient map. This knowledge may not be accessible in the case of aftermarket hybridization. Moreover, the same region boundaries are maintained across all duty cycles and vehicles. Therefore, if P req veh (t) for a given duty cycle mostly falls in region 1, the battery will be used extensively causing its quick depletion. This will force the vehicle to operate in region 2 and rely primarily on the engine even if P req veh (t) lies in an inefficient operating region for the engine. This limitation is particularly detrimental over extended distances. Moreover, this scenario will occur despite the fact that PRBS allows for a margin P m on P 12 and P 23 and a margin SOC m on SOC min and SOC max . These PRBS margins are intended to reduce the frequency of switching between operating regions and do not adapt to different vehicles and duty cycles.
The main contribution of the proposed ARBS approach is that it introduces an additional controller in front of the PRBS controller that dynamically adjusts P 12 at each time step according to the duty cycle. The output of this front controller is fed into the traditional PRBS controller described in the previous subsection as shown in Figure 9 . The time variant P 12 (t) in ARBS is defined as follows:
where P − 12 and P + 12 are the maximum and minimum boundary values for P 12 (t) ( Table 2 ). Similar to the PRBS strategy, the value of P 23 is kept constant for the ARBS strategy. Figure 10 shows the P 23 , P − 12 and P + 12 boundaries on the engine efficiency map for ARBS. The ARBS also tries to maintain the battery SOC close to a reference value SOC re f which is set to 50%. The value of SOC re f is determined based on the rated operating range of the battery. It is compared to SOC(t) by using a proportional controller which is embedded within the front controller. The output of this proportional controller, k(t), is used to derive P 12 (t) in (7) and is defined as follows:
where K p = 0.1 is the gain of the proportional controller (Figure 9 ). It is set based on the maximum allowable variation in the battery SOC compared to SOC re f . Since the value of P 12 is restricted to the range between P − 12 and P + 12 (7) , the value of k(t) is between 0 and 1 (i.e., 0 ≤ k(t) ≤ 1). If the battery is depleting, the ARBS controller increases P 12 (t) thereby extending region 2 (engine) and reducing region 1 (motor) by an amount proportional to the difference between SOC re f and SOC(t). This process dynamically promotes the use of the engine and discourages the use of the battery thus, protecting it from depletion.
The magnitude of the action of the controller depends on its gain K p , and the difference (SOC(t) − SOC re f ) (8) . As mentioned above, the output of the controller, k(t), is between 0 and 1. Therefore, the limits on the value of SOC(t) are:
Within this range for SOC(t), the controller is active whereas outside of this range, the controller is saturated. In this study, K p is set to be 0.05, and since SOC re f = 50%, the controller is active when SOC(t) is between 40% and 60%.
The proposed ARBS described above only modifies the boundary, P 12 (t), between regions 1 and 2 to a time variant boundary while keeping the boundary, P 23 , between region 2 and 3 constant. It is possible to also apply a similar approach to P 23 . The added benefits of this enhancement will be investigated in future work.
Performance Evaluation
To compare the PRBS and ARBS strategies, the HEV vehicle model described in Section 2 is implemented with the PRBS controller and the ARBS controller described in Section 3. The resulting model was used to simulate an extended duty cycle which was constructed from 6 short trips collected from a single vehicle and different drivers ( Table 4 ). Each driver generated two trips where drivers were instructed to exhibit good driving behavior in the first trip and bad driving behavior in the second trip. Good driving behavior entails anticipating braking and coasting when possible. The vehicle was driven on a route around the Indianapolis area that includes segments of city and highway driving. The extended duty cycle is about 56 miles in length with a duration of 8000 s. The values of the power parameters used in the simulation of PRBS and ARBS are given in Table 5 . Figures 11 and 12 show the miles per gallon equivalent (MPGe) and the final SOC resulting from the simulation of the PRBS and ARBS strategies, respectively. Three different values of initial SOC are used in the simulation and the values of P 12 (PRBS) and P − 12 (ARBS) are varied from 0 to 27.5 kW with a 2.5 kW increment. The miles per gallon equivalent (MPGe) is a metric introduced by the EPA [34] to compare vehicles with different energy sources. It represents the number of miles driven per diesel gallon equivalent energy and assumes that one gallon of diesel fuel has 38.08 kWh of energy [35] . MPGe is defined as:
where D m is the number of miles driven, and T E is the total net energy spent over the trip in kWh. T E is calculated by converting the change in SOC and the fuel spent by the vehicle to its energy content in kWh as follows:
where F C is the actual fuel consumed in gallons, U f is the energy content of one gallon of diesel fuel, B E is the battery capacity, SOC(t f ) is the final SOC and SOC(t 0 ) is the initial SOC of the battery. The values of these parameters are maintained constant across all the simulations.
It is worth noting that in the ECMS strategy, the equivalence factor is the weight assigned to the difference between SOC re f and SOC(t 0 ). This equivalence factor can take on different values and is adjusted according to the duty cycle. On the other hand, the B E factor which is used to convert the change in SOC to the energy spent by the battery in the ARBS strategy is constant.
As shown in Figure 11 , the MPGe value for PRBS is highest when P 12 ≈ 18 kW. The MPGe is low when P 12 is low because the engine region is large and extends to inefficient regions of the engine efficient map. In addition, when P 12 is low, the battery does not sufficiently discharge because the motor region is small. As a result, the final SOC of the battery is high for low values of P 12 and the battery only charges through regenerative braking.
When P 12 is high, the motor region is large causing the battery to quickly drain thereby making it unavailable during the vehicle operation. Figure 11 shows that for high values of P 12 , the final SOC is close to its lower limit of 35%. When the battery becomes unavailable, the engine is forced to operate in its inefficient region which leads to a low MPGe.
In fact, for the PRBS strategy, high MPGe (i.e., ≈15.4 miles/gallon) are only possible for a very narrow range of P 12 values. This highlights the importance of the knowledge of the engine efficiency map and the difficulty in calibrating the strategy for a given vehicle.
In contrast, under the ARBS strategy, the MPGe value is maintained at a high value (i.e., ≈15.5 miles/gallon) for an extended range of P − 12 values from 0 kW to 15 kW ( Figure 12 ). The ARBS controller can deliver high MPGe values when P − 12 is low by adjusting P 12 (t) in order to maintain the battery SOC around the reference SOC of 50%. As such, it neither completely drains the battery nor charges it to the upper limit (65%) ensuring it is available during the operation of the vehicle. Figure 13 compares the MPGe and the final SOC of the two strategies when the initial SOC of the battery is set to 50%. This figure confirms that the ARBS strategy maintains a higher MPGe than that of PRBS when P − 12 < 15 kW. Thereafter, the two strategies are comparable. The dynamic optimization behavior of ARBS is illustrated in Figure 14 which shows the SOC value for PRBS and ARBS along the duty cycle. For this example scenario, P 12 and P − 12 are both set to 5 kW and the initial SOC of the battery is set to 50%. Figure 14 shows that as the battery SOC decreases below 50%, the ARBS controller tries to preserve the SOC by reducing P 12 (t) and consequently reducing the motor region. Conversely, the ARBS controller increases P 12 (t) when the SOC increases beyond 50%. Figure 14 . Vehicle speed, battery SOC for PRBS and ARBS, and the dynamic value of P 12 (t) as generated by the ARBS controller for the extended duty cycle. For this example simulation, P 12 = 5 kW, P − 12 = 5 kW and the initial SOC is set to 50%. Figure 15 shows the engine operating points at an interval of 4 s during the duty cycle for both the PRBS and the proposed ARBS strategies. This figure confirms that the engine operates in an inefficient region more frequently under PRBS than under ARBS. Indeed, under PRBS, many engine operating points are near the P 12 boundary curve. An analysis of the power delivered by the engine also shows that ARBS does not use the engine in these inefficient regions. In fact, the ARBS controller eliminates the operation of the engine below 10 kW as shown in Figure 16 . Moreover, the engine under the ARBS controller operates less frequently under 30 kW. Engine operation above 30 kW is similar for PRBS and ARBS because the ARBS controller does not modify engine operation above the threshold P + 12 = 30 kW. 
Conclusions
The need for the hybridization of conventional vehicles is expected to continue to grow in order to meet the demand for fuel efficient vehicles that can satisfy increasingly strict emission regulations. To achieve high fuel efficiency, an EMS strategy is used to adequately manage the two sources of energy in an HEV. An EMS strategy that can be implemented online and without complete knowledge of the entire duty cycle of the vehicle is a requirement for the rapid deployment of hybridization at scale. Currently, the PRBS strategy is the EMS of choice because its underlying rule-based approach makes it easy to deploy online. However, this strategy relies on the availability of the engine efficiency map to define the boundaries and the operating regions of the HEV. This paper introduces an adaptive EMS strategy for a parallel HEV which can effectively support the hybridization of conventional vehicles using an affordable 48 V battery system. As in the case of PRBS, the proposed ARBS is easy to deploy online. However, it also has the added benefit of being engine-map agnostic which makes it suitable for aftermarket hybridization. The added benefit of ARBS is achieved by dynamically adjusting the boundary between the motor region and the engine region according to the requirements of the duty cycle. This boundary is adjusted intelligently such that an optimal behavior is achieved whereby ARBS uses all the available energy from the battery only when the engine is operating at its lowest efficiency. Under the PRBS strategy, this boundary is fixed and typically estimated based on the analysis of the engine efficient map of the vehicle. The proposed ARBS dynamically adjusts this boundary within broadly defined lower (P − 12 ) and upper (P + 12 ) thresholds. The simulations of the ARBS and PRBS presented in this paper show that ARBS can deliver higher MPGe even if P − 12 is set to 0 kW. Moreover, ARBS can prevent the battery from depleting by maintaining the SOC around a predefined reference value. The long-term benefits of this behavior may include extending the lifetime of the battery by preventing over-discharge and reducing the number of charge-discharge cycles [36] .
Future work will consider applying a similar dynamic strategy to the boundary between the engine region and the engine+motor region. Additional improvement may also be achieved by using an elliptic instead of a linear operating boundary.
